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Abstract: Since 2005, the Land Surface Analysis Satellite Application Facility (LSA SAF) operationally
retrieves Land Surface Temperature (LST) for the Spinning Enhanced Visible and Infrared Imager
(SEVIRI) on board Meteosat Second Generation (MSG). The high temporal resolution of the Meteosat
satellites and their long term availability since 1977 make their data highly valuable for climate
studies. In order to ensure that the LSA SAF LST product continuously meets its target accuracy of
2 ˝C, it is validated with in-situ measurements from four dedicated LST validation stations. Three
stations are located in highly homogenous areas in Africa (semiarid bush, desert, and Kalahari
semi-desert) and typically provide thousands of monthly match-ups with LSA SAF LST, which are
used to perform seasonally resolved validations. An uncertainty analysis performed for desert station
Gobabeb yielded an estimate of total in-situ LST uncertainty of 0.8 ˘ 0.12 ˝C. Ignoring rainy seasons,
the results for the period 2009–2014 show that LSA SAF LST consistently meets its target accuracy:
the highest mean root-mean-square error (RMSE) for LSA SAF LST over the African stations was
1.6 ˝C while mean absolute bias was 0.1 ˝C. Nighttime and daytime biases were up to 0.7 ˝C but had
opposite signs: when evaluated together, these partially compensated each other.
Keywords: land surface temperature; in-situ measurements; long-term validation; Meteosat Second
Generation; spatial representativeness; uncertainty analysis
1. Introduction
Land surface temperature (LST) is one of the main quantities governing the energy exchange
between surface and atmosphere. LST is operationally retrieved and distributed from measurements
of several space-borne sensors, such as the Spinning Enhanced Visible and Infrared Imager (SEVIRI)
onboard Meteosat Second Generation (MSG)—provided by the Satellite Application Facility on Land
Surface Analysis (LSA SAF; [1])—or the Moderate Resolution Imaging Spectroradiometer (MODIS)
on EOS-Terra—provided by the MODIS Land Team. LSA SAF retrieves 15-min LST estimates from
the SEVIRI channels at 10.8 µm and 12.0 µm using a generalized split-window (GSW) algorithm [2,3].
The GSW algorithm requires information on atmospheric moisture content, e.g., from numerical
weather forecasts, and surface emissivity [3–5], which LSA SAF obtains with a fraction of vegetation
cover (FVC) method [6]. The LSA SAF LST is also used to generate the Copernicus Global Land LST
(http://land.copernicus.eu/global/) by merging the LSA SAF product retrieved from SEVIRI with
LST estimates from other geostationary platforms [7]. Although LSA SAF’s target accuracy is 2 ˝C,
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the uncertainty of its LST retrievals depends on a wide range of factors such as land surface type
(related to emissivity uncertainty), water vapor content in the atmosphere, or viewing geometry [3].
In order to ensure that LST retrievals are stable in time and consistently meet their expected accuracy,
operationally derived LST have to be continuously monitored and assessed. Relative accuracy can
be assessed by cross-validation between LST products obtained with different retrieval algorithms
and/or for different sensors [8]. Such exercises allow analyses of the consistency between different
products but provide limited information on their actual accuracy. The so-called ”radiance based
validation” method [9,10] circumvents the need for in-situ measurements by assuming precise a priori
knowledge about the surface (i.e., emissivity) as well as atmospheric conditions: this information is
then used to obtain “true LST” via radiative transfer modeling. Consequently, the method is limited
by errors in atmospheric profiles and by uncertainty in surface conditions. This is especially true over
arid (sparsely vegetated) regions where surface emissivity can vary over a broad range (e.g., from 0.92
to 0.97 at 11 µm) and is often strongly variable in space [11–13], which causes large uncertainties in
retrieved LST. Ultimately, in-situ measurements (“ground truth”) are needed for validating satellite
LST and surface emissivity (LST&E) products [14,15]. In principle, LST products can readily be
validated with ground-truth radiometric measurements. However, this so-called “temperature based
validation” [8] is largely complicated by the spatial scale mismatch between satellite and ground
based sensors [15]: areas observed by ground radiometers usually cover about 10 m2, whereas satellite
measurements in the thermal infrared typically cover between 1 km2 and 100 km2. Furthermore,
natural land covers and the corresponding LST are usually spatially heterogeneous: therefore, for
in-situ LST to be representative for the area observed by the satellite, they have to be obtained over
areas that are sufficiently homogenous at the scale of the in-situ measurements as well as on the satellite
pixel scale. The size of the area that needs to be viewed by the validation instrument at the ground
depends on the within-pixel variability of the surface and on how well measurements of several “end
members” can be mixed in order to obtain a representative value for the satellite pixel [16]. The mixing
of measurements obtained for different end members requires information on their respective fractions
within the sensor’s field of view and on scene emissivity [5,17,18]. Moreover, the former may change
with viewing geometry and observation time (e.g., shadow/sunlit fractions) [19,20]. Therefore, an
accurate characterization of validation sites is critical for temperature-based validation.
In order to be able to validate satellite-derived LST products over a wide range of different climatic
conditions, Karlsruhe Institute of Technology (KIT) operates four permanent LST validation stations
in different climate zones. The stations, being part of LSA SAF’s validation effort and supported by
EUMETSAT, were chosen and designed to validate LST derived from MSG/SEVIRI, but are equally
well suited to validate other LST products [21,22]. Figure 1 shows the stations’ locations within the
field of view of the Meteosat satellites: Evora (Portugal, since 2005; cork-oak trees and grass), Dahra
(Senegal, since 2008; tiger bush), Gobabeb (Namibia, since 2007; gravel plain), and RMZ Farm/Farm
Heimat (Namibia, since 2009; Kalahari bush). The four stations are in temperate Mediterranean
climate (CSh), semi-arid climate (BSh), and warm desert climate (BWh) climate zones, respectively [23].
Currently, KIT stations are the only ones dedicated to LST validation located in large homogenous
areas suitable for validating spatially coarse satellite LST. Although the four stations already cover a
wide range of climatic and surface conditions, for global representativeness additional stations are
needed, e.g., over snow and Tundra. The most accurate surface temperatures can be obtained over
large water bodies, which are even suitable for vicarious sensor calibration [24,25].
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Figure 1. Locations of Karlsruhe Institute of Technology’s (KIT) validation stations on Meteosat 
Second Generation (MSG) / Spinning Enhanced Visible and Infrared Imager (SEVIRI) earth disk. The 
stations are located in large, homogeneous areas and were selected to cover a wide range of climatic 
and surface conditions. 
Accurate estimations of land surface emissivity (LSE) are essential for the validation of satellite 
LST&E products, but also to limit the uncertainty of ground-based LST observations. Especially sites 
with larger fractions of bare ground are prone to be misrepresented in satellite-retrieved LSEs; in-situ 
measurements revealed that LSE estimations over arid regions can be wrong by more than 3% [14]. 
In order to minimize such errors, in-situ LSEs of the dominant surface cover types in Gobabeb and 
Dahra were obtained with the so-called “emissivity box method” [26]. However, given the typical 
high variability of LST in space and in time, the validation of LST estimated from remote sensing 
observations remains a challenging problem. Using one year of in-situ data [20] and [19] investigated 
the performance of LSA SAF LST at Evora: it was shown that the complex and structured land cover 
around the station (cork-oak tree forest) requires in-situ LST that account for the dependence of 
end-member fractions on viewing and illumination geometry. In contrast, end-member fractions at 
the three African validation stations can be treated as constant. Therefore, this paper focuses on 
in-situ measurements from stations Dahra, Gobabeb and Farm Heimat and uses them for validating 
spatially coarse satellite LST, namely LSA SAF’s operational LST estimates obtained from 
MSG/SEVIRI. In the following sections the sensors and methods used to obtain the satellite LST and 
in-situ LST are described, an uncertainty analysis for the in-situ LST is performed, overviews of the 
sites and their climatic conditions are given, and validation results for up to six years of LSA SAF 
LST are presented and discussed. 
2. The SEVIRI Sensor 
The first satellite of the MSG series, Meteosat-8, began operations in January 2004, while the last 
of this series, Meteosat-11, was launched in July 2015. The main sensor on-board MSG is SEVIRI, 
which provides observations in 12 spectral channels at 15-min temporal sampling and a pixel 
sampling distance of 3 km (1km for the high-resolution visible channel) at sub-satellite point [27]. 
MSG’s nominal position at 0° longitude and SEVIRI’s large field of view (up to 80° zenith angle; 
Figure 1) allow frequent observations of a wide area encompassing Africa, most of Europe and part 
of South America. 
Radiances in SEVIRI’s split-window channels 9 and 10, which are centered at 10.8 and 12.0 µm, 
respectively, are the key measurements for estimating LST. The two channels contain radiometric 
noise of about 0.11 to 0.16 °C ([28]; www.eumetsat.int). In combination with other infra-red and 
Figure 1. Locations of Karlsruhe Institute of Technology’s (KIT) validation stations on Meteosat Second
Generation (MSG) / Spinning Enhanced Visible and Infrared Imager (SEVIRI) earth disk. The stations
are located in large, homogeneous areas and were selected to cover a wide range of climatic and
surface conditions.
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noise of about 0.11 to 0.16 ˝C ([28]; www.eumetsat.int). In combination with other infra-red and
visible bands, the two split-window channels have proven to be efficient in the elimination of cloudy
pixels [29]; therefore, also the infra-red and visible bands have significant impact on the quality of
MSG/SEVIRI LST products.
3. LSA SAF LST&E Products for MSG/SEVIRI
LSA SAF estimates LST from top-of-atmosphere (TOA) brightness temperatures T10.8 and
T12.0 obtained for SEVIRI’s split-window channels 9 and 10 [1,3]. LST retrieval methods based
on measurements in two pseudo-contiguous channels in the thermal infra-red, i.e., split-window
algorithms, generally rely on the differential absorption of the two bands to improve the atmospheric
correction [2,3].
3.1. Generalized Split Window Algorithm
Within the LSA SAF, LST is estimated through the application of a Generalized Split-Window
(GSW) formulation similar to the one first proposed for AVHRR and MODIS, which was adapted to
the response functions of the SEVIRI channels [2]:
LST “ pA1 `A2 1´ ε
ε
`A3∆ε
ε2
qT10.8 ` T12.0
2
` pB1 ` B2 1´ ε
ε
` B3∆ε
ε2
qT10.8 ´ T12.0
2
` C` ∆LST (1)
where ε is the average of the two channel effective surface emissivities; ∆ε their difference (ε10.8–ε12.0);
Aj, Bj, (j = 1,2,3) and C are the GSW parameters; and ∆LST is the uncertainty of the LST retrieval
(please see [3] for further details). The GSW parameters were calibrated for different ranges of satellite
zenith angle and total column water vapor. In the operational LST retrievals, the latter is obtained
from three-hourly forecasts provided by the European Center for Medium-range Weather Forecasts
(ECMWF). Since the GSW algorithm is applicable to clear sky conditions, cloudy pixels are removed
through the use of multispectral thresholding tests performed for SEVIRI channels in the visible,
near-infrared, and thermal atmospheric window [29].
3.2. Vegetation Cover Method for LSE Retrieval
Equation (1) requires the effective land surface emissivities εeff_ch for each split window channel
to be known: within LSA SAF, these are estimated as the weighted average of the emissivities of
vegetation εveg_ch and bareground εbg_ch, which are the dominant land cover types:
εe f f_ch “ εveg_ch FVC ` εbg_ch p1 – FVCq (2)
where FVC is the Fraction of Vegetation Cover within a pixel. In this methodology, also referred to
as the Vegetation Cover Method [4,30], FVC is estimated on a daily basis from SEVIRI visible and
near-infrared channels by the LSA SAF [1,31]. The particular values of εveg_ch and εbg_ch are available
from look-up-tables for the land cover classes [6] defined by the International Geosphere-Biosphere
Programme (IGBP; [32]). The operational retrieval of surface emissivity within the LSA SAF also
accounts for snow on the ground: in the case snow is detected based on SEVIRI data [33], FVC is set to
0 and εbg_ch to the channel value for snow.
Despite its limitations over non-vegetated areas, the vegetation cover method allows estimating
surface emissivity values that are consistent with the (seasonal) variability of vegetation as well as in
the presence of snow and snow melt.
3.3. Uncertainty Associated with LST&E Estimation
Along with the retrieved LST fields LSA SAF distributes estimates of the associated errors on a
pixel-by-pixel basis. The quantification of LST error is thoroughly discussed in [3] and is based on
the characterization of: (i) the uncertainty of the LST algorithm, which is highly dependent on the
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retrieval conditions, i.e., it increases with view angle and atmospheric water vapor content; and (ii) the
uncertainty of the input variables and their propagation to the LST product.
Over semi-arid regions, where bare soils dominate and the atmosphere is generally dry, LST error
is controlled by the uncertainty in land surface emissivity (LSE). Over the Sahara, LST uncertainty
may reach values up to 3 ˝C and the uncertainties in many satellite-retrieved LSE products exceed
3% [14,34]. However, algorithmic improvements allow retrieving LSE with higher accuracy, e.g.,
“Temperature-Emissivity Separation (TES)” developed by Gillespie et al. [35] for the ASTER sensor
on-board NASA’s Terra spacecraft is able to retrieve LSE with an accuracy of 1.5%. More recently, the
TES method has been adapted to MODIS [36] and SEVIRI [37] and Masiello et al. [38] developed a
Kalman filter approach that exploits the high temporal resolution of the geostationary MSG satellite to
achieve similar accuracy [39]. Under moist atmospheres, the uncertainty of LST retrievals increases
steeply with view angle. The LST errors are also used to define the coverage of the LSA SAF LST
obtained at each observation time: LST values with uncertainties higher than 4 ˝C are masked out.
LST is usually retrieved for all clear sky land pixels within the SEVIRI disk up to a view zenith angle of
70˝. However, near the edge of the disk values are frequently masked out for moderate-to-very moist
atmospheric conditions [3].
4. In-Situ Measurements and LST Determination
The main instrument for the in-situ determination of land surface temperature at KIT’s validation
stations is the precision radiometer “KT15.85 IIP” produced by Heitronics GmbH, Wiesbaden,
Germany. The radiometers measure thermal infra-red radiance between 9.6 µm and 11.5 µm, have a
temperature resolution of 0.03 ˝C and an accuracy of ˘0.3 ˝C over the relevant temperature range [40].
The KT15.85 IIP has a drift of less than 0.01% per month: the high stability is achieved by linking the
radiance measurements via beam-chopping (a differential method) to internal reference temperature
measurements and was confirmed in a long-term parallel run with a self-calibrating radiometer, which
was continuously stabilized by two blackbodies [17].
The radiometers are typically mounted at heights between 12 m and 28 m (Figure 2), which results
in fields of view (FOV) ranging from 3 m2 to 14 m2. Since the KT-15.85 IIP’s spectral response function
lies within the atmospheric window and the distance between the radiometers and the surface is small,
the attenuation of surface-leaving TIR radiation is negligible. However, the KT-15.85 IIP measurements
of the surface contain its emitted radiance (i.e., the target signal) as well as reflected downwelling IR
radiance from the atmosphere, which needs to be corrected for: depending on target emissivity and
downwelling longwave radiance (e.g., a cold clear sky vs. a warm humid atmosphere), the reflected
component can cause differences of several degrees Celsius [34,41]. Therefore, at each station, an
additional KT-15.85 IIP measures downwelling longwave IR radiance from the atmosphere at 53˝
zenith angle and points towards an azimuth that is never reached by the sun; measurements under
that specific zenith angle are directly related to downwelling hemispherical radiance [42] so that no
ancillary data for deriving ground truth LST are needed.
In order to obtain in-situ LSTs that are representative for the land surface within the satellite pixel,
we use the extrapolation methodology described by [16] to scale the point-like station measurements
to satellite pixel resolution. The so-called End-Member-Cover method is based on a linear spectral
mixing approach and assumes that the total IR radiance emitted by the land surface within a satellite
pixel can be reasonably well approximated by a linear mixture of the IR radiance emitted by the
relevant surface cover types within that area. The relevant surface cover types, also called spectral
end-members, can be trees, grassland or different kinds of rock or soil and are determined from an
independent component analysis of high-resolution satellite data in the visible and near infrared.
The cover fractions of the relevant end-members (Table 1) are determined by land cover classification
and are then used as weights for mixing the measured radiances.
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Figure 2. African Land Surface Temperature (LST) validation stations: (a) Dahra, Senegal;  
(b) Gobabeb, Namibia; and (c) Farm Heimat, Namibia (Kalahari, rainy season). Whereas the land 
cover at Gobabeb is quasi-static, the grass cover fractions at Dahra and Farm Heimat exhibit a strong 
seasonality. The station locations and some of their significant aspects are provided in Table 1. 
Table 1. Locations and significant aspects of the three validation stations shown in Figure 2. 
 Dahra Gobabeb Farm Heimat 
Location 
Senegal; Lat: 15.402,  
Lon: −15.443 
Namibia; Lat: −23.551,  
Lon: 15.051 
Namibia; Lat: −22.933,  
Lon: 17.992 
Elevation 45 m 450 m 1380 m 
Climate 
Zone 
Sub-tropical, hot semi-arid Desert Semi-Desert 
Land Cover 
Grassland; 96% sand/grass, 
4% tree 
Baren; 75% sand/gravel, 25% 
dry grass 
Savanna; 63% soil/grass, 37% 
tree/bush 
4.1. LST Derivation from in-Situ Measurements 
Planck’s law relates the radiance emitted by a black body (emissivity ε = 1) to its temperature [43]. 
However, most objects relevant to remote sensing applications are non-black bodies with 0 < ε(λ) < 1. 
Spectral emissivity ε(λ) is defined as the ratio between the spectral radiance Rk emitted by surface 
component k at wavelength λ, and the spectral radiance emitted by a black body at the same 
wavelength and temperature. Spectral radiance emitted by a non-black body can be obtained by 
multiplying Planck’s function B(Tk, λ) with ε(λ): 
ܴ௞(T୩, ) = ߝ( ) · B(T୩, ) (3) 
where Rk is in W·m−3·sr−1, Tk is the measured component temperature in Kelvin, and λ is the 
wavelength in meters. For a sensor located near the surface and measuring within an atmospheric 
TIR window, the influence of the atmosphere can be neglected. With known emissivity, the 
simplified radiative transfer equation [43,44] can be used to account for reflected downwelling TIR 
radiance from the atmosphere and for the non-black body behavior of the surface. Switching for 
simplicity to channel-effective values, a single surface component and dropping the variable 
dependencies, emitted blackbody-equivalent radiance B can be expressed as 
ܤ = ܴ௅ − (1 − ԑ) · ܴௌԑ  (4) 
Figure 2. African Land Surface Temperature (LST) validation stations: (a) Dahra, Senegal; (b) Gobabeb,
Namibia; and (c) Farm Heimat, Namibia (Kalahari, rainy season). Whereas the land cover at Gobabeb is
quasi-static, the grass cover fractions at Dahra and Farm Heimat exhibit a strong seasonality. The station
locations and some of their significant aspects are provided in Table 1.
Table 1. Locations and significant aspects of the three validation stations shown in Figure 2.
Dahra Gobabeb Farm Heimat
Location Senegal; Lat: 15.402,Lon: ´15.443
Namibia; Lat: ´23.551,
Lon: 15.051
Namibia; Lat: ´22.933,
Lon: 17.992
Elevation 45 m 450 m 1380 m
Climate Zone Sub-tropical,hot semi-arid Desert Semi-Desert
Land Cover Grassland;96% sand/grass, 4% tree
Baren; 75% sand/gravel,
25% dry grass
Savanna; 63% soil/grass,
37% tree/bush
4.1. L T Derivat on from in-Situ Measurements
Planck’s law relates the radiance emitted by a black body (emissivity ε = 1) to its temperature [43].
However, most objects relevant to remote sensing applications are non-black bodies with 0 < ε(λ) < 1.
Spectral emissivity ε(λ) is defined as the ratio between the spectral radiance Rk emitted by surface
component k at wavelength λ, and the spectral radiance emitted by a black body at the same
wavelength and temperature. Spectral radiance e itted by a non-black body can be obtained by
multiplying Planck’s function B(Tk, λ) with ε(λ):
Rk pTk, λq “ ε pλq ¨B pTk, λq (3)
where Rk is in W¨m´3¨ sr´1, Tk is the measured component temperature in Kelvin, and λ is the
wavelength in meters. For a sensor located near the surface and measuring within an atmospheric
TIR window, the influence of the atmosphere can be neglected. With known emissivity, the simplified
radiative transfer equation [43,44] can be used to account for reflected downwelling TIR radiance
from the atmosphere and for the non-black body behavior of the surface. Switching for simplicity to
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channel-effective values, a single surface component and dropping the variable dependencies, emitted
blackbody-equivalent radiance B can be expressed as
B “ RL ´ p1´ εq ¨RS
ε
(4)
where RL is the upwelling land surface radiance and RS the downwelling sky radiance; in practice, the
latter is measured by a dedicated KT15.85 IIP radiometer aligned at the zenith angle of 53˝. Once B is
known, inverting Planck’s law gives the surface temperature. The spectral response functions of the
KT15.85 IIP radiometers are approximately symmetric and the Planck function as well as the spectral
emissivity of natural surfaces varies slowly over the radiometers spectral range, as shown in [14].
Therefore, LST is retrieved by evaluating Planck’s function at the radiometer’s center wavelength of
10.55 µm [15].
4.2. Land Surface Emissivity Determination
When remotely sensed, a reasonable approximation for the LSE of complete covers of green
and desiccated vegetation in the spectral range of the KT15.85 IIP is 0.965 [11,45]. However, arid
and semi-arid regions usually have a considerable bare surface fraction for which LSE is generally
significantly smaller (e.g., 0.93 for sand) and also low-lying, desiccated grass can have considerably
reduced emissivities around 10.55 µm [46]: therefore, in-situ determination of LSE is critical for such
sites. An advantage of arid regions is the usually high frequency of clear sky conditions and—at
least for the chosen, level sites—the lack of obstructions: these are favorable conditions to apply the
“one-lid emissivity box method” for LSE determination described by [47]. The authors of [26] studied
the one-lid and the two-lid method in detail and derived correction terms for the two methods. KIT’s
emissivity box has inner walls of highly polished aluminum and the same dimensions as in [26].
Using the same nomenclature as [48], uncorrected LSE ε0 is obtained from a sequence of three radiance
measurements [14]:
ε0 “ LBB ´ L
Ó
a
L2 ´ LÓa
(5)
where LBB is the sample radiance measured under clear sky conditions (i.e., without the box), L
Ó
a is the
downwelling sky radiance, and L2 is the radiance measured through the bottomless box when it is
placed on the sample. Corrected LSE is then given by ε “ ε0 ` δεwith correction
δε “ p1´ ε0q
#
1´ L
2 ´ LÓa
L2 ´ LÓa ´ R
`
L2 ´ Bc
˘+ (6)
where R is a box-specific factor, which depends on box geometry and the spectral response of the inner
walls. For box dimensions of 30 cm ˆ 30 cm ˆ 80 cm and an emissivity of εc “ 0.03 for highly polished
aluminum [26] obtained R “ 0.265. The term Bc is the radiance measured through the box when its
bottom is closed with a sheet of aluminum, i.e., it corresponds to the radiance emitted by the “cold”
aluminum. In order to avoid the “Narcissus” effect, i.e., the radiometer observing its own reflection,
the opening in the top of KIT’s emissivity box is slightly off-center and inclines the inserted Heitronics
KT-15.85 IIP radiometer by five degrees with respect to (w.r.t.) nadir [14].
In practical field measurements the down-welling hemispherical sky radiance is approximated as
LÓa “ 1.3ˆ B
”
T
´
0
˝¯ı
, where B is the Planck function evaluated at the radiometer’s center wavelength
of 10.55 µm and T
´
0
˝¯
is brightness temperature measured at zenith [26]. Over flat, homogenous
surfaces the accuracy of emissivities determined with the box method is about 0.5% [14,26,48].
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4.3. Uncertainty of in-Situ LST
This section presents an analysis of the uncertainty associated with in-situ LST estimates. In order
to obtain realistic assumptions about the dispersion of the input data, a full year (2010) of Gobabeb
in-situ data are investigated. Erroneous measurements due to short term disturbances (shadow
from small clouds and birds, etc.) are excluded by removing data for which land surface brightness
temperature BTL or sky brightness temperature BTS deviate by more than 3σ (standard deviations)
from their respective 1 min averages. This leaves about 430,000 data points for the analysis, which
corresponds to 85% of the available data points.
The uncertainty of in-situ LST is calculated via error propagation using the relation between LST
and surface emitted radiance B given by Planck’s law [49]:
LST “ c2
λ¨ log
´
c1¨λ´5
B ` 1
¯ (7)
where c1, c2 and λ are constants, c1 “ 1.191044 ˆ 10´8 Wm2 ster cm´4 , c2 “ 1.438769 K cm [49], and
λ “ 10.55 µm is the center wavelength of the KT-15.85 IIP radiometer. Blackbody-equivalent radiances
B are obtained from measured upwelling land surface radiance RL and measured downwelling sky
radiance RS via Equation (4); a representative emissivity value for the gravel plains near Gobabeb
is ε “ 0.94 [14]. Brightness temperatures BTL and BTS are connected to RL and RS, respectively,
via Planck’s law (writing the equation only once with a joint index L/S):
RL{S “ d1
exp
´
d2
BTL{S
¯
´ 1
(8)
where, for simplicity, the constants d1 “ c1¨ λ´ 5 and d2 “ c2λ have been introduced.
The KT-15.85 IIP radiometer measuring the sky brightness temperature has a protective window
to shield its lens from rain and dirt. The nominal transmissivity tW of the protective window over
the relevant wavelength range is 0.895. When assuming that the temperature of the window and the
surrounding air temperature Ta are the same, BTS can be obtained as:
BTS “
BT1S ´ p1´ tWq ¨ Ta
tW
(9)
where BT1S is the sky brightness temperature measured through the protective window. A detailed
description of error propagation is presented in Appendix A. The relevant sources of error in estimating
in-situ LST (surface emissivity, brightness temperatures BTL and BT
1
S, and transmissivity of the
protective window) and their respective magnitudes are summarized in Table 2.
Table 2. Error sources considered in estimating total in-situ LST uncertainty.
Variable Uncertainty Type Magnitude
ε random ˘0.015
BTL random ˘0.3 ˝C
BT’S random ˘0.3 ˝C
tW systematic ´0.045
∆LSTrandom is calculated as the squared sum of the individual random uncertainties:
∆LSTrandom “
d
pδLST
δε
q
2
¨∆ε2 ` pδLST
δBTL
q
2
¨∆BTL2 ` pδLSTδBT1S
q
2
¨∆BT1S2 (10)
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where the individual random uncertainties are estimated via the partial derivatives of in situ LST w.r.t.
ε, BTL, and BT1S. Inserting these derivatives into Equation (10) and using the uncertainties in Table 2,
a median random LST uncertainty ∆LSTrandom of 0.80˘ 0.12 K was found for the Gobabeb in-situ
measurements of 2010. Readers can find the worked out derivatives in Appendix A.
Since there is only one known systematic uncertainty, i.e., the degradation of the protective
window, total systematic uncertainty ∆LSTsys is the same as δLSTδtW . For the Gobabeb data of 2010, the
median systematic LST uncertainty ∆LSTsys is ´0.08˘ 0.01 K, i.e., about 10% of random uncertainty.
Systematic and random uncertainties combined yield total uncertainty∆LSTtotal:
∆LSTtotal “
b
∆LST2random ` ∆LST2sys (11)
∆LSTtotal and the individual uncertainties obtained for the Gobabeb 2010 data are shown in
Figure 3. It can be seen that the main contribution to total uncertainty stems from the uncertainty in
emissivity, followed by the uncertainty in BTL. In comparison, BT
1
S and tW have small impact, since
for typical land surface emissivities reflected sky radiance is a minor contribution to surface-leaving
radiance. Median ∆LSTtotal for 2010 is estimated as 0.80 ˘ 0.12 ˝C, which is the same as random
uncertainty (i.e., systematic uncertainty is negligible). In comparison, uncertainty associated with
satellite LST retrievals is typically about 1 ˝C to 4 ˝C. Furthermore, in-situ LST uncertainty is dominated
by uncertainty in land surface emissivity, which for Gobabeb is estimated as ˘0.015. However, Farm
Heimat has a larger fraction of permanent vegetation and the Dahra site is covered for most of the
year (the dry season) by a relatively steady mixture of low-lying desiccated grass and soil: therefore,
the corresponding uncertainties in in-situ emissivity and LST are expected to be slightly smaller than
at Gobabeb.
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5. LST Validation Stations
The core instruments of KIT’s LST validation stations (Figure 1) are self-calibrating, chopped
radiometers Heitronics KT15.85 IIP (9.6–1 .5 µ ; ˘ 0.3 ˝C) that measure the r diation from the
relevant components, e.g., grass, soil, tre , sh , d sky. The stations record air tempe ature and
humidity and stations Goba eb and Farm Hei t additionally equipped wit shortw ve and
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longwave radiation budget sensors (Figure 2). Since all stations are located in isolated and remote
areas, they are solar powered and automatically record all measurements once per minute (Campbell
Scientific CR1000 data logger). The data are stored locally and are also transmitted via radio and the
Internet for monitoring and data safety.
5.1. Dahra, Senegal
Dahra LST validation station (15.402˝N, 15.443˝W, 45 m a.s.l.) is located about 7 km northeast of
the town of Dahra, Senegal. The field site is hosted by the Centre de Recherches Zootechniques de
Dahra, Institut Senegalais de Recherches Agricoles (ISRA), and also includes two towers operated by
the University of Copenhagen for validating satellite products [50–52]. The towers are equipped with
instruments for validating satellite products in the visible, near-infrared, and the thermal domain.
The area around the station (Figure 2a) is practically unpopulated and the dominant surface cover
types are seasonal grass and sparse trees, which are mostly “Acacia raddiana”, “Acacia Senegal”,
and “Balanites aegyptiaca” [18]. The soil is sandy and reddish in color and was classified as an
Arenosol [53]. The entire site is grazed by cattle and sheep, while migrating camels from the northern
Sahel feed on the leaves of the trees. The trees are scattered in the landscape, either as isolated trees or
as small clumps. In some cases the distribution of the bushes and trees follows ancient dunes, which
causes stripes of high vegetation—hence the name “tiger bush”. According to the classification by
Köppen and Geiger [23,54], Dahra is characterized by the hot-arid, steppe-prairie climate typical of the
Sahel region. During the dry season from October to March, the climate is especially hot and the grass
desiccates rapidly, whereas the trees stay usually green throughout the year.
In contrast, the rainy season (July to October) is strongly influenced by the monsoon, which is
characterized by very humid atmospheres and strong and persistent cloud-cover, and the grass grows
about 1 m high [18]. The long-term average annual precipitation is about 370 mm and has a high
inter-annual variability. Due to the distinct dry and rainy seasons, the validation site exhibits a strong
annual vegetation cycle. Usually only the trees stay green all year while in the rainy season the grass
grows dense and the entire site is covered by vegetation.
The current set-up of instruments at Dahra is in operation since July 2009, but due to technical
problems and theft there are considerable data gaps. The sensor configuration for validating LST
consists of KT-15.85 IIP radiometers observing grass/soil (direction south and direction west) and
the canopy of an Acacia raddiana tree from southwest. A separate radiometer measures downwelling
longwave radiance from the sky at 53˝ zenith angle. Dahra’s low elevation of about 45 m a.s.l. results
in long atmospheric paths and the atmospheric water vapor load varies strongly between the rainy
season and the dry season: especially during the warm (about 40 ˝C) and humid rainy season (up to
90% relative humidity), the atmospheric correction of satellite TIR data is extremely challenging.
Occasional outbreaks of Sahara dust complicate the situation further.
5.1.1. Estimation of Land Surface Cover and Representative in-Situ LSTs
Based on Independent Component Analysis of high-resolution multispectral Quickbird data [16]
showed that relevant endmembers within the MSG/SEVIRI pixel (15.43˝N, 15.42˝W) over Dahra
station, for which LSA SAF LST are validated, are grassland and trees with fractional coverages of 97%
and 3%, respectively. The results were verified in a quality assessment and agree well with the Tree
Crown Cover (TCC) fraction determined in a previous survey in the validation area [55], where a TCC
between 3% and 4.5% was found by manually classifying five sample regions. Due to the small TCC
value, the effect of varying TCC between 3% and 6% on retrieved LST is negligible [18].
5.1.2. Land Surface Emissivity at Dahra
While the emissivity of the tree crowns can be set to a literature value of 0.98, the emissivity of
the grass and soil background varies significantly over the year [21]. This is mainly due to seasonal
changes in soil moisture and the strongly varying grass cover, which both greatly affects land surface
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emissivity. The operational LSA SAF emissivity product for MSG/SEVIRI uses the vegetation cover
fraction method to capture this variation. For an estimated tree crown cover (TCC) at Dahra of 4%,
an emissivity of 0.98 for the tree crown and an assumed emissivity of 0.95 for the soil/grass background
the error associated with integrating over entire pixel is about 0.001 [18], which is negligible. LSA SAF
emissivities for MSG/SEVIRI channel 9 (centered at 10.8 µm) vary annually from 0.969 (July; end of dry
season) to 0.984 (September; end of rainy season), which is largely related to seasonal changes of the
grass: SEVIRI channel 9 emissivities are around 0.980 for the rainy season, which is in good agreement
with literature values for green grass [56]. In contrast, in-situ emissivities determined by KIT in January
2013 indicate that LSA SAF emissivities for the dry season at Dahra are too high [21]: for unaltered,
dominantly low lying, dry grass and sand mixtures an emissivity of 0.941 ˘ 0.005 was determined for
a KT15.85II P radiometer [37], which has a similar, but slightly broader response function as SEVIRI
channel 9 [14].
5.2. Gobabeb, Namibia
Gobabeb LST validation station (23.551˝S, 15.051˝E, 450 m a.s.l.) lies about 2 km northeast of
Gobabeb Training and Research Center (http://www.gobabebtrc.org/) in the Namib Desert, Namibia.
The validation station is located on large gravel plains (several thousand km2), which are covered by a
highly homogeneous mixture of gravel, sand and sparse desiccated grass (Figure 2b). The pointing
of the radiometers to the assumed surface end-members has not been changed since the setup of the
station in December 2007. A view direction of the ground measurements close to North was chosen to
observe an undisturbed surface: this implies that the radiometers are not aligned with MSG’s line of
sight to the validation site.
There is a sharp transition between the vast Namib sand sea with its up to 300 m high dunes and
the gravel plains: this natural boundary is maintained by irregular flows of the ephemeral Kuiseb River
(a few days every other year), which wash the advancing sand into the South Atlantic Ocean. In order to
avoid MSG/SEVIRI pixel containing a mix of gravel plains and sand dunes, LST validation at Gobabeb
is performed for pixel (23.55˝S, 15.18˝E) on the highly homogenous gravel plains about 13 km East
of the station. Due to the hyper-arid desert climate [23,54], the site is spatially and temporally highly
stable and, therefore, ideal for long-term validation studies of satellite products [13,57]. The long-term
average annual temperature at Gobabeb is 21.1 ˝C [58], whereas the average annual precipitation is
less than 100 mm [59] and highly variable [60,61]. Consequently, the relatively frequent fog events are
of special importance for the water balance of the Namib [59].
Continuous in-situ measurements from Gobabeb are available since the beginning of 2008 and the
gravel plains are highly homogeneous in space and time, which makes them ideal for validating a
broad range of satellite-derived products [14]. Nevertheless, for reliable product validation the effect
of the small scale variation of surface materials (e.g., dry grass, rock outcrops) and topography needs
to be fully characterized. Using a mobile radiometer system, three field experiments were performed
during which the radiometer was driven along tracks of up to 40 km length. The results show a high
level of homogeneity and a stable relationship between station LST and LST obtained along the tracks
with biases between ´0.1 ˝C and 0.8 ˝C [14].
5.2.1. Land Surface Emissivity at Gobabeb
During November 2011, in-situ measurements with the “one-lid emissivity box” method were
performed to determine the emissivities of relevant surface types at Gobabeb. Assuming a dry grass
fraction of 25% [16], the LSE over the gravel plains is estimated as 0.944 ˘ 0.015 for SEVIRI channel
9 [14]. This value was also shown to be in good agreement with LSE derived with the temperature
emissivity separation (TES) algorithm [35] from ASTER and MODIS data [36]. Combining in-situ
measurements performed in 2011 and 2012 at Gobabeb and assuming a dry grass fraction of 25%, the
emissivity for the KT15.85IIP is estimated as 0.940 ˘ 0.015, which is the value used to derive in-situ
LST in Section 6.3.
Remote Sens. 2016, 8, 410 12 of 27
5.3. Farm Heimat, Namibia
Farm Heimat (22.933˝S, 17.992˝E, 1380 m a.s.l.) lies about 100 km southeast from Windhuk
on a plateau in the Kalahari semi-desert. The Kalahari is characterized by hot and arid climate,
which exhibits a natural seasonality: there is a small rainy season with very little rain (September to
November) and a big rainy season (January and March) with possible flooding. Outside the big rainy
season the Kalahari bush is dry and the grass desiccates quickly. Farm Heimat produces livestock
(cattle and sheep) and is also used for hunting game (mainly springbok and Oryx). The farm itself has
a size of about 50 km2, but the land cover (“Kalahari bush”) and land use in a wide area (thousands
of km2) around Farm Heimat are identical. Cattle are carefully managed and moved systematically
between fenced off “camps” to avoid overgrazing. In-situ measurements at Farm Heimat started in
February 2011. The station is located in a typical Kalahari land scape and a wide area around the
mast is mainly covered by patchy, desiccated grass dotted with bushes and isolated camel thorn trees.
Due to the station’s high elevation winter temperatures (June–August) frequently drop well below
freezing point. Furthermore, the remaining water vapor column between the surface and a satellite is
relatively small, since about half of the atmosphere’s water vapor is contained in the lowest 2 km.
Figure 2c shows a view over the Kalahari bush from the mast at Farm Heimat during a rainy
season. The station is equipped with radiometers measuring the brightness temperatures of a crown
of small tree, grass (2 spots), and the sky. Standard meteorology, a rain gauge (tipping bucket), and a
radiation balance (“Hukseflux NR01”) are also available.
5.3.1. Estimation of Land Surface Cover and Representative in-Situ LSTs
For the area of the MSG/SEVIRI pixel (22.93˝S, 18.01˝E) located over Farm Heimat and for
which LSA SAF LST are validated, the relevant surface cover types and their fractional coverage were
determined from publicly available Google Earth (http://www.google.com/earth/) imagery. Using
object based image analysis [16], it was found that the validation area is covered by 15% trees, 22%
bush and 63% grass and sand; the latter form a joint class in which the cover fraction of grass depends
on season and annual rainfall. Therefore, the brightness temperature of a representative grass and
sand area is measured with a single in-situ radiometer. Trees at Farm Heimat are generally small, dry
and thermodynamically similar to bushes, i.e. both are usually close to air temperature. Therefore, the
tree and bush cover fractions are treated as a single cover fraction of 37%.
5.3.2. Land Surface Emissivity at Farm Heimat
End-members observed by the Heitronics KT15.85 IIP radiometers are grass/bare ground and
bush/tree crown. More bare ground may be observed during the dry season, whereas during the rainy
season the surface can be completely covered by up to 1 m high grass, which increases effective
emissivity via the volume effect. Currently, the KT15.85 IIP’s emissivities of the two observed
end-members are set to the value retrieved operationally by LSA SAF for MSG/SEVIRI channel
9: over the course of the year this value varies little between about 0.973–0.984, which is in good
agreement with literature values for vegetation.
6. Results and Discussion
Having described the LST validation stations and their specific characteristics in terms of site
and instrumentation, the in-situ LST obtained with the methods described in Section 4 are now used
to validate LSA SAF’s operational LST product for MSG/SEVIRI. In-situ LST at Dahra and Farm
Heimat are derived using LSA SAF’s dynamic emissivity product for SEVIRI channel 9, which has a
spectral response function similar to the Heitronics KT15.85 IIP radiometer. At the desert site Gobabeb,
which has a hyper-arid climate and a quasi-static land cover, in-situ LST are retrieved using a constant
emissivity of 0.940 [14]. MSG/SEVIRI’s high temporal sampling rate of 15 min results in 96 potential
LST values per pixel per day, i.e., up to 2976 LST per pixel per month. After cloud-masking, there
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typically remain at least several hundred match-ups between MSG/SEVIRI LST and in-situ LST per
month. In contrast, for polar orbiters one usually obtains about valid 100 match-ups per year. The delay
between actual satellite acquisition time at each site and nominal product time has been accounted
for and in-situ LST and LSA SAF LST were matched to better than 1 minute. In order to limit the
number of outliers (mainly undetected clouds), all matched-up LSTs were additionally filtered with a
“Hampel filter” (three-sigma filter using robust statistics [15,62]; which typically reduced the number
of match-ups by less than 10%.
6.1. Results for Dahra
Figure 4 demonstrates data availability and diurnal temperature ranges for Dahra: shown are LSA
SAF LST, in-situ LST and their difference (LSA SAF LST—in-situ LST) for May 2011. There are several
gaps (detected clouds, missing data) and some remaining outliers (undetected clouds) in the data.
Furthermore, it can be seen that until the 5th of May 2011 LSA SAF LST agree well with the in-situ LST:
the differences show near zero bias and negligible diurnal variability. From the 6th of May onwards
the match deteriorates: in-situ LST are generally higher than LSA SAF LST and their difference shows
diurnal cycles with amplitude of about 3 ˝C. This change in LSA SAF LST performance could be
related to the African monsoon reaching Senegal from the South, but a similar effect was not observed
in 2013 or 2014. Generally, there are considerably more clear sky situations during the dry season then
during the rainy season.
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Figure 4. Land Surface Analysis (LSA) Satellite Application Facility (SAF) LST and in-situ for May 2011
for KIT station “Dahra”. Blue circles: LSA SAF LST. Black crosses: in-situ LST. Red triangles: LSA SAF
LST—in-situ LST.
Figure 5 shows plots of LSA SAF LST derived from MSG/SEVIRI against Dahra station LST
for November 2010 ( in of dry season; top), March 2011 (near middl of dry s ason; center), and
May 201 (near e eason; bottom), respectively. In-situ LST were erived using LSA SAF’s
emissivity product, which at Dahra varies from about 0.984 at the end of the rainy season to 0.969 near
the end of the dry season (Figure 5c).
For November 2010 (Figure 5a) there are 1591 match-ups between satellite and in-situ LST and
bias (mean “satellite minus in situ” difference) and RMSE are determined as ´0.11 ˝C and 1.37 ˝C,
respectively. Thi suggests that n November—just after the rainy season—th LSA SAF LSE of
0.975 approximates the actual emis ivities for SEVIRI hannel 9 and the KT15.85 IIP well, which
is plausible since in November the site usually still has a cover of desiccated grass, for which [14]
determined a KT15.85 IIP emissivity of 0.962 ˘ 0.013. Some outliers are still observed, indicating
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small, undetected clouds (shadow) over the station (satellite LST higher) or sub-pixel clouds (in-situ
LST higher). For March 2011 (Figure 5b) there are 458 match-ups and bias and RMSE are 0.05 ˝C and
1.00 ˝C, respectively. However, LSA SAF emissivity for March is 0.970, which is considered too high
for the dry season. In May 2011 (Figure 5c), emissivity has nearly the same value (0.969); there are
1876 match-ups and bias and RMSE are ´1.24 ˝C and 2.12 ˝C, respectively.Remote Sens. 2016, 8, 410 14 of 27 
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Figure 5. LSA SAF LST against Dahra in-situ LST (blue circles: nighttime, red circles: daytime):
November 2010 (a); March 2011 (b); and May 2011 (c).
Figure 6 displays monthly biases and RMSE for Dahra between July 2009 and July 2014: each
data point in the plots represents the results for an entire month (e.g., a plot as in Figure 5) and the
number of valid match-ups between LSA SAF LST and in-situ LST is shown as a grey bar; the dotted
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black line marks a reference target accuracy of 2 ˝C for LST satellite products. The large data gaps
are due to stolen solar panels and technical problems with the station. In January 2014, the mast was
damaged by cattle, which changed viewing geometry and observed areas; however, this appears to
have had no obvious effect on the measurements from February 2014 onwards. Figure 6a shows the
results for all data (nighttime and daytime): monthly bias and RMSE clearly vary seasonally, with
strong negative biases during the rainy seasons, e.g., ´6 ˝C in August 2009, and RMSE reaching up
to 7 ˝C; mean bias and RMSE are ´2.0 ˝C and 3.2 ˝C, respectively. However, limiting the data to the
dry season, which is defined here as November to April, yields considerably smaller mean bias and
RMSE of ´0.04 ˝C and 1.43 ˝C, respectively. Analyzing only the nighttime data (Figure 6b), we obtain
a mean bias and RMSE of ´1.5 ˝C (dry season: 0.4 ˝C) and 2.5 ˝C (dry season: 1.2 ˝C), respectively.
For the daytime data (Figure 6c), we obtain a mean bias and RMSE of ´2.6 ˝C (dry season: ´0.6 ˝C)
and 4.1 ˝C (dry season: 1.7 ˝C), respectively. The largest daytime bias (´9.7 ˝C) and RMSE (10.7 ˝C)
are reached in August 2009 (rainy season).
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Figure 6. Monthly statistics at Dahra station, Senegal, for LSA SAF LST: subplots show results for:
(a) all data; (b) night; and (c) day. Monthly bias (red triangles) and RMSE (blue circles) refer to the left
y-axis, the number of match-ups (grey bars) to the right y-axis. The red (blue) line corresponds to the
bias (RMSE) estimated over the whole period. Dotted black line: reference target accuracy of 2 ˝C for
LSA SAF LST.
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6.2. Discussion for Dahra
The negative bias observed in May 2011 (Figure 5c) means that LSA SAF LST are systematically
too low, which may be caused by warm and moist air already approaching with the monsoon from the
South. This is supported by observed sky brightness temperature, which changed from an average of
´12.8 ˝C (1–5 May) to an average of ´2.0 ˝C (6–31 May). Furthermore, the limited emissivity range
of the LSA SAF product over Dahra (see Figure 5) does not sufficiently reflect the strong seasonal
vegetation cycle (i.e., from near full vegetation cover to near bare soil). In-situ measurements of
emissivity during the dry season [37] and comparisons with other emissivity products [21] have shown
that a realistic annual LSE range for SEVIRI channel 9 is from about 0.95 (end of dry season) to 0.985
(middle/end of rainy season). The observed deviations in emissivity annual ranges between LSA
SAF and in situ estimates are likely a result of the simplistic representation of satellite pixels in the
Vegetation Cover Method (VCM; Section 3.2), which assumes that the emissivity of vegetated and
non-vegetated pixel endmembers may be determined from a land-cover based look-up-table [3,30].
The VCM only responds to green vegetation and may result in wrong emissivity for desiccated grass.
Emissivity deviations at Dahra are estimated to be within 0.1% during the rainy season but around
2% at the end of dry season, mainly because the non-vegetated “background” emissivity in the LSA
SAF retrieval is too high [21]. Despite this considerable deviation in emissivity, the results show that
during the dry season the LSA SAF LST product meets its target accuracy of 2 ˝C.
6.3. Results for Gobabeb
Figure 7 demonstrates data availability and diurnal temperature ranges for Gobabeb: shown are
LSA SAF LST, in-situ LST and their difference (LSA SAF LST—in-situ LST) for May 2011. From the
plot, it can be seen that there are only few gaps (detected clouds) and outliers (undetected clouds) in
the data. The LST differences exhibit a diurnal cycle with amplitude of about 2 ˝C.
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Figure 7. LST for May 2011 over KIT station “Gobabeb”. Blue circles: LSA SAF LST, black crosses:
in-situ LST, red triangles: LSA SAF LST— n-situ LST.
Figure 8 shows plots of LSA SAF LST derived from MSG/SEVIRI against Gobabeb station LST
for May, August, and November 2011, respectively. The three months represent autumn, winter and
spring at Gobabeb (southern hemisphere) and usually have a high number of clear sky situations.
The in-situ LST at Gobabeb were derived from KT15.85 IIP measurements using a static emissivity of
0.940, as determined by [14]. For May 2011 (Figure 8, top) there are 2464 match-ups between satellite
and in-situ LST for which bias and RMSE are determined as ´0.84 ˝C (satellite colder) and 1.45 ˝C,
respectively. From Figure 8), it can be seen that the negative bias is mainly due to lower satellite LST
estimates at nighttime.
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For August 2011 (Figure 8b) there are 2506 match-ups (i.e., 84% of all potential satellite observations
are cloud-free) between LSA SAF LST and in-situ LST; the determined bias and RMSE are 0.13 ˝C
(satellite war er) and 1.46 ˝C, respectively. However, Figure 8b also shows that LSA SAF LST estimates
tend to b slightly too low at nighttim and slightly too high at d ytime. For November 2011 (Figure 8c)
there are 2158 match-ups between satellite and in-situ LST and bias and RMSE are 0.27 ˝C (satellite
warmer) and 1.33 ˝C, respectively. As for August 2011, LSA SAF LST estimates are slightly lower than
in-situ LST at nighttime and slightly higher at daytime.
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Figure 9 displays monthly biases and RMSE together with the corresponding numbers of valid
data points for Gobabeb between July 2008 and July 2014. Figure 9a shows the results for all data
(nighttime and daytime). The bias appears to be seasonal with minimum values of about ´1.0 ˝C
around May and smaller positive values around November; the overall mean bias and RMSE are 0.1 ˝C
and 1.6 ˝C, respectively. The data gap around December 2012 is due to technical problems. The higher
bias observed around October 2010 (about +1.0 ˝C) and the RMSE increase between December 2010 and
March 2011 (to about 3.5 ˝C) occur around the exceptionally wet 2010/2011 rainy season (Namibia’s
“small” rainy season is in October/November and its “big” rainy season between January and April).
Figure 9b shows that after the “big” rainy seasons in 2009 and 2011 the nighttime bias, for which
illumination effects can be ruled out, is about ´1.5 ˝C and ´2.5 ˝C, respectively. Figure 9c shows
monthly biases and RMSE for the daytime data. The bias shows seasonal behavior superimposed by
the signal from the exceptional rainy seasons 2009 and 2011; and as for the nighttime data, periods
of negative bias are more pronounced around these rainy seasons. During and just after the rainy
seasons the bias is generally around zero, whereas it tends to be slightly positive otherwise (ignoring
rainy seasons).
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Figure 9. Monthly statistics at Gobabeb station, Namibia, for SAF LST: subplots show results for: (a) all
data; (b) night; and (c) day. Monthly bias (red triangles) and RMSE (blue circles) refer to the left y-axis,
the number of match-ups (grey bars) to the right y-axis. The red (blue) line corresponds to the bias
(RMSE) estimated over the whole period. Dotted black line: reference target accuracy of 2 ˝C for LSA
SAF LST.
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6.4. Discussion for Gobabeb
Figure 8 demonstrates that the LSA SAF LST are in excellent agreement with Gobabeb station LST.
This means that the LSA SAF GSW algorithm performs well in desert regions with LST up to 60 ˝C
and considerable surface overheating w.r.t. air temperature (>20 ˝C). Furthermore, the results show
that the chosen station location and instrumentation provide in-situ LST that are representative for
spatially coarse satellite LST products, which was also demonstrated with additional measurements
across the gravel plains [15]. The high level of agreement gives confidence in the station concept and
in measurements performed at the other, more complex validation sites.
The Namib gravel plains usually receive little or no rain, i.e., the long term annual average at
Gobabeb is 25 mm [59]. In contrast, during the rainy seasons 2008/2009 and 2010/2011 the gravel
plains received 80 mm and 175 mm cumulated rainfall, respectively. The 12th of March 2011 was the
wettest day in recorded history (49 mm) and “transformed the gravel plains into a grassland” [59].
The increased grass cover fraction appears to be reflected in the monthly biases during the first half
of 2009 and 2011, for which it is more negative over a longer period of time than in the other years
in Figure 9. This can be explained by the different effect changes in grass cover fraction have on
channel-effective emissivities of SEVIRI channel 9 and the KT15.85 IIP: whereas convolving the sensors’
response functions with an emissivity spectrum of a dry grass sample [14] yields similar emissivities
for the KT15.85 IIP (0.958) and SEVIRI channel 9 (0.955), emissivities obtained for a gravel sample are
0.931 and 0.941 for the KT15.85 IIP and SEVIRI channel 9, respectively. When weighing the grass and
gravel in-situ emissivities by their respective cover fractions, an increase in dry grass fraction from
25% to 100% (i.e., complete grass cover) would increase KT15.85 IIP emissivity from 0.938 to 0.958,
whereas SEVIRI channel 9 in-situ emissivity would change from 0.945 to 0.955. However, on the gravel
plains grass desiccates rapidly and LSA SAF emissivity for SEVIRI channel 9 is near constant at 0.949,
since its algorithm for emissivity determination only responds to green vegetation (see Section 3.2).
Gobabeb in-situ LST are obtained with KT15.85 IIP emissivity set to 0.940 as estimated in [14] for a
static dry grass fraction of 25% [16]: for a complete grass cover this value underestimates emissivity
by 0.018. In contrast, for a dry grass fraction of 25% LSA SAF overestimates SEVIRI channel 9 in-situ
emissivity (0.945) by 0.004 and underestimates it by 0.006 for complete grass covers.
The bias curve shown in Figure 9b suggests that strong rain events increased the dry grass fraction
for about six months: during this time the static KT15.85 IIP emissivity would then underestimate
actual emissivity and cause an overestimation of in situ LST by about an additional 1 ˝C. The most
negative nighttime biases occur around March 2011; however, the corresponding RMSE are also highest
and there are fewer match-ups, suggesting the presence of undetected clouds.
The periodic behavior of the daytime bias in Figure 9c could be caused by seasonal variation in
atmospheric correction of LSA SAF’s LST retrieval algorithm, i.e., a systematic overestimation of water
vapor content during the rainy season. This would also help to explain the strong increase in bias from
August to November 2010, since an overestimation of water atmospheric vapor content would result
in too high satellite LST.
6.5. Results for Farm Heimat
Figure 10 demonstrates data availability and diurnal temperature ranges for Farm Heimat; shown
are LSA SAF LST, in-situ LST and their difference (LSA SAF LST—in-situ LST) for May 2011 (southern
hemisphere autumn). The LST differences exhibit a diurnal cycle with amplitude of about 3 ˝C. At the
beginning of May 2011 LSA SAF LST around noon are colder than in-situ LST and there are data
gaps (clouds) and outliers (undetected clouds). In the second half of May there are fewer data gaps,
minimum nighttime LST becomes increasingly colder (below 0 ˝C at the end of May) and LSA SAF
overestimates nighttime LST. This behavior is better seen in Figure 11a, which shows a scatter plot of
the data shown in Figure 10.
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Figure 12. Monthly statistics at Farm Heimat, Namibia: subplots show results for: (a) all data; (b) night;
and (c) day. Monthly bias (red triangles) and RMSE (blue circles) refer to the left y-axis, the number of
match-ups (grey bars) to the right y-axis. The red (blue) line corresponds to the bias (RMSE) estimated
over the whole period. Dotted black line: reference target accuracy of 2 ˝C for LSA SAF LST.
6.6. Discussion for Farm Heimat
The nighttime and daytime data in Figure 12a show that with the exception of March and
April 2011 the monthly bias varies relatively little: during these two months the data are thought
to be affected by the exceptional rainy season 2010/2011 in Namibia. Furthermore, there appears
to be a seasonal increase of nighttime bias and RMSE (Figure 12b) around southern hemisphere
winter (June–August). This is consistent with possible unaccounted effects of local near surface
atmospheric inversions, commonly observed in winter clear sky cases; however, this still needs to be
further investigated.
7. Conclusions
Up to six years of in-situ LST from KITs long term validation stations in Africa have been
used to validate the operational LST product retrieved by the Land Surface Satellite Application
Facility (LSA SAF) from MSG/SEVIRI data. The validation stations represent different surface cover
types and climates and are located in flat, homogeneous terrains. The stations design, in particular
instrumentation and location, target specifically the validation of LST satellite products derived
for pixel scales over 1 km, e.g., the used precision radiometers have particularly small drift and
the landscape surrounding the sites is homogeneous at the scale of several MSG/SEVIRI pixels.
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Uncertainty analysis performed for one year of Gobabeb station data yielded an in-situ LST uncertainty
of 0.80 ˘ 0.12 ˝C. This value is dominated by uncertainty in land surface emissivity within the
radiometer’s band, which for Gobabeb is estimated as ˘0.015; since Farm Heimat has a larger fraction
of permanent vegetation and the Dahra site is covered for most of the year (the dry season) by a
relatively steady mixture of low-lying desiccated grass and soil, the corresponding uncertainties in
in-situ emissivity and LST are expected to be slightly smaller than at Gobabeb.
Typically, thousands of monthly match-ups between satellite LST and in-situ LST were available
at each validation site and yielded highly linear relationships between the two quantities. Furthermore,
the large number of match-ups allowed seasonally resolved validations of LSA SAF LST; among others,
this highlighted seasonal differences in the retrieval algorithm’s performance, e.g., lower performance
during rainy seasons as a consequence of increased cloud contamination. After the exceptional rainy
seasons 2008/2009 and 2010/2011 monthly nighttime bias at Gobabeb showed a clear response for
about 6 months during which it became about 1 ˝C more negative. This effect can be explained with
an unusual growth of grass triggered by strong rain: when assuming a full grass cover, the static
emissivity for the in-situ radiometer over the gravel plains underestimates actual emissivity by up to
1.8%, whereas SEVIRI channel 9 in-situ emissivity varies by about ˘0.5% around its assumed value.
Table 3 summarizes the validation results for LSA SAF LST for validation stations Dahra, Gobabeb
and Farm Heimat. It should be stressed that these validation results are also largely valid for the
Copernicus Global Land LST product, since over Europe and Africa (i.e., regions where MSG/SEVIRI
disk does not overlap that of other geostationary satellites) the Copernicus LST corresponds to the LSA
SAF product [7] re-projected to the Copernicus Global Land grid (http://land.copernicus.eu/global/).
The results show that the LSA SAF LST product achieves its target accuracy of 2 ˝C RMSE for Gobabeb
and Farm Heimat, regardless whether LST are validated as night- and daytime data separately or
together. For Dahra the results show that LSA SAF achieves its target accuracy during the dry season,
but not during the rainy season. However, when limiting the analysis for Dahra to dry seasons (Table 3,
values in brackets), the results are comparable to those found at Gobabeb and Farm Heimat, e.g., mean
RMSE for nighttime and daytime data combined was 1.4 ˝C while mean absolute bias was 0.0 ˝C.
Table 3. Mean multi-annual biases and root mean square errors for Dahra, Gobabeb, and Farm Heimat.
The values in brackets for Dahra give the results for dry seasons only (November–April).
Station
Bias (˝C) RMSE (˝C)
All Data Night Day All Data Night Day
Dahra ´2.0 (0.0) ´1.5 (0.4) ´2.6 (´0.6) 3.2 (1.4) 2.5 (1.1) 4.1 (1.7)
Gobabeb 0.1 ´0.5 0.6 1.6 1.4 1.8
Heimat 0.1 0.7 ´0.5 1.2 1.3 1.2
Currently more accurate and reliable satellite-retrieved emissivities are (close to) becoming
operational [36,38]. These improved LSE products will also help to reduce in-situ emissivity uncertainty,
the dominant source of uncertainty, and allow increasing the accuracy of in-situ LST obtained at KIT’s
validation stations further.
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Appendix A
This appendix presents the derivation of the equations describing the uncertainties associated
with the in-situ LST estimates. Combining Equations (4), (8) and (9) and inserting into Equation (7)
gives LST as a function of the measured brightness temperatures BTL and BT
1
S:
LST “ d2
logp d1d1
exp
ˆ
d2
BTL
˙
´1
´p1´εq¨ d1
exp
¨˚
˚˝˚ d2
BT
1
S´p1´tWq¨ Ta
tW
‹˛‹‹‚´ 1
ε
` 1q (A1)
All parameters that have to be considered for uncertainty estimation are included in Equation (A1).
First, there is the random uncertainty of the brightness temperatures BTL and BT
1
S measured by the
KT-15.85 IIP radiometers, which have an absolute accuracy of ˘0.3 ˝C [40]. Second, the random
uncertainty of ε is estimated as ˘0.015 for the Gobabeb site [14], which is also a typical value for
satellite-retrieved emissivities. A systematic error is introduced by the transmissivity of the protective
window, which was found to degrade during its deployment by up to 5% (´0.045). Equation (A1) was
differentiated with respect to the parameters having random uncertainties to obtain an estimate of
total random uncertainty ∆LSTrandom:
δLST
δε
“
d2¨
ˆ
d1
RL´p1´εq¨RS
ε
` 1
˙´1
¨ d1´
RL´p1´εq¨RS
ε
¯2 ¨ RS´RLε2
logp d1RL´p1´εq¨RS
ε
` 1q2
(A2)
δLST
δBTL
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RL´p1´εq¨RS
ε
` 1
˙´1
¨
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¯2 ¨ d1¨ exp
´
d2
BTL
¯
¨ d2
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´
d2
BTL
¯
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ε
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(A3)
δLST
δBT1S
“
d2
ˆ
d1
RL´p1´εq¨RS
ε
` 1
˙´1
¨
d1¨ pε´1q
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´
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¨
d2
tw
BT2S
pexp
´
d2
BTS
¯
´1q2
logp d1RL´p1´εq¨RS
ε
` 1q2
(A4)
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The systematic error introduced by the protective window is estimated in a similar way to random
uncertainty, i.e., Equation (A1) was derived with respect to tW:
δLST
δtw
“
d2
ˆ
d1
RL´p1´εq¨RS
ε
` 1
˙´1
¨
d1¨ pε´1q
ε´
RL´p1´εq¨RS
ε
¯2 ¨ d1¨ exp
´
d2
BTS
¯
¨ d2
BT2S
¨ Ta´BT
1
S
tW
2
pexp
´
d2
BTS
¯
´1q2
logp d1RL´p1´εq¨RS
ε
` 1q2
(A5)
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